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Introduction
Most fish generate thrust by bending their bodies into a backwardmoving propulsive wave that extends to their caudal fins, a type of swimming classified as body and/or caudal-fin (BCF) locomotion. Breder (1926) classified the BCF locomotion into five modes: anguilliform, subcarangiform, carangiform, thunniform, and ostraciiform. These modes reflect changes mainly in the amplitude of the propulsive wave, but also in the way thrust is generated. For the carangiform Atlantic herring (Clupea harengus), the body undulations are confined to the last third of the body length, and thrust is provided by a stiff caudal fin.
The efficiency of fish swimming relies on the creation of vortices that generate extra inertia for the water around the tail. Similar to a spinning top that has sufficient inertia to stay upright, a small vortex of water has a tendency to stay in place. Breder (1965) hypothesized that schooling fish may collectively use each other's vortices, in this manner reducing the energy required to generate vortices for fish within the school. Herskin and Steffensen (1998) determined that the tail-beat frequency (F; beats per second, bps) is lower at the rear of a school than at the front, indicating that energy saving occurs within schools.
To stay at a given depth, a fish must be neutrally buoyant, facilitated by either a swimbladder or a high body-fat fraction. In addition to neutral buoyancy, a fish must maintain balance, which depends on the equilibrium of the forces of buoyancy and gravity. A fish can compensate for the non-neutral buoyancy or balance by extending its paired pectorals as hydrofoils (Alexander, 1971) . Changing the form of the fins may increase lift, similar to the flaps on an aerofoil. This requires greater thrust to maintain speed and it results in a lower "distance covered" per tail beat (Videler, 1993, p. 120) .
Tracking fish targets with a split-beam echosounder is an established method (Foote et al., 1984 (Foote et al., , 1986 Ona, 1994) , and estimating their positions and velocities is possible from the range and split-beam angles associated with individual tracks. This method has been used to observe fish behaviour in situ (Huse and Ona, 1996; Torgersen and Kaartvedt, 2001; Handegard and Tjøstheim, 2005; Onsrud et al., 2005) . Estimates of F would complement the information from traditional tracking methods described earlier.
Several methods are available to estimate F. Holliday (1974) measured the Doppler spread from three pelagic fish schools using 0.5 s 30 kHz CW pulses. The author then used Bainbridge's equation (Bainbridge, 1958) , which relates swimming speed to total length and F, to relate the Doppler spread at lateral sound incidence to fish swimming motion. Pincock and Easton (1978) reported a theoretical evaluation of Doppler shifts caused by tail beats to discriminate floating debris and fish targets; a typical problem in rivers. To our knowledge, this idea has not been tested using actual data. Continuous monitoring of F is also possible using tags attached to fish. For example, Ross et al. (1981) used electromyography and acoustic telemetry to obtain data on F. Simpler, non-intrusive, tail-beat transmitters have also been developed (Lowe et al., 1998) . The advantage of these methods is that single fish can be monitored continuously over long periods.
Here, a newer method (Handegard, 2007 ) is further developed and tested, allowing measurements of F of several fish simultaneously. The foremost objective of this paper is to demonstrate # 2009 International Council for the Exploration of the Sea. Published by Oxford Journals. All rights reserved. For Permissions, please email: journals.permissions@oxfordjournals.org how F can be estimated from variation in backscattering crosssectional area (s bs ; m 2 ) along a fish track observed by a split-beam echosounder transmitting horizontally into a herring school.
Material and methods
Data were recorded using a horizontally projecting Simrad 38DD transducer lowered from the RV "Johan Hjort" into a dense herring layer at 245-m depth. The 38-kHz transducer has a 78 beam width and is certified for use to 1500-m depth. The transducer was connected to a Simrad EK60 split-beam echosounder mounted on the ship through a 12.3 mm diameter armoured cable. A rudder mounted on top of the transducer ensured that it did not rotate and pointed directly into the weak fjord current. The vessel was completely darkened and drifted freely. The pulse length and repetition rate were, respectively, 512 ms and 10 Hz. Target-strength data (TS; dB re 1 m 2 ) were recorded for a range of 7 -25 m. The echogram of TS uncorrected for the beam pattern and time-varied gain within individual targets (S p ; dB re 1 m 2 ) is presented in Figure 1 . The duration of the dataset is 2.7 min.
Trawl samples taken in the area consisted of herring with a mean length L ¼ 30.9 cm and s.d. ¼ 4.2 cm. The distribution was bimodal with distinct peaks at 27 and 34 cm. For further details, including calibration and biological sampling, see Pedersen et al. (2009) .
Individual targets were detected and tracked, using an algorithm that associates pixels in the echogram to tracks (Handegard, 2007) . The s bs (t p ) for a track at time t and ping p along the track was estimated from the pixels associated with that track. Note that p ¼ 1 for the first sample in all tracks.
The split-beam samples were mapped to positions using Cartesian coordinates. A linear regression through all samples associated with a track was used to estimate the track position x. Regressions were done for each dimension with respect to time. The slopes of the regressions were used to estimate the mean velocity v and speed v ¼ jvj. Currents were estimated by applying a 10-s running mean to the mean, along-axis velocity of all individuals within the beam. The track velocities were then corrected by subtracting these estimates of the along-axis currents.
The resulting dataset contained v, the estimated position vector x(t p ), and the backscattering cross section s bs (t p ) for time t and ping p along the track. Track number, quality, and length were also output from an algorithm that compares forward and backward runs through the dataset, calculating closeness to neighbours, and using phase jitter across a target at a given ping [Handegard, 2007, Equation (12) ].
Model
Let u 0 be the mean incident angle of an acoustic signal relative to a swimming fish. Assume that flexing of a fish body causes the actual incident angle relative to the swimbladder to fluctuate around the mean. Let the "true" incident angle be u ¼ u 0 þ Du, where Du is the perturbation caused by the fish swimming. This is an approximation, because the swimbladder also flexes and changes shape. Perturbations in incident angle were modelled simply as where A is the amplitude of the tail-beat fluctuations. This assumes that the swimbladder is stiff and attached at two points at x ¼ 0.3 and x ¼ 0.5 along the fish centreline, where 0 , x , 1 is the position along the fish's body ( Figure 2a ). The angle between the swimbladder position relative to the fish's body is taken from Gorska and Ona (2003;  Figure 2 ). The fish centreline, and the positions where the swimbladder is attached, is assumed to be displaced sideways according to
where 1/l is the number of waves per body length and B(x) is an amplitude factor:
The parameters used are Videler, 1993) . The angle Du(t, F, L) is derived from the slope of the linear curve between the points [0.3 L,
. Setting A ¼ 48, the largest residual between Equation (1) and this assumed fishswimbladder model is ,28 Â 10 22 , indicating that Equation (1) is an appropriate approximation.
Several models exist that relate acoustic backscatter to incident angle (e.g. Simmonds and MacLennan, 2005) . Here, the Kirchoff-ray approximation (Clay and Horne, 1994) and the composite-scattering model (Chu et al., 2006) are used to estimate the acoustic backscatter as a function of incident angle u and length L. Combined with typical herring swimbladder dimensions (Gorska and Ona, 2003) , approximations to the acoustic backscatter are obtained (Figure 2b ):
Combining Equations (1) and (4), s bs is estimated as a function of F and L. However, the periodogram varies in complex ways, depending on the aspect of ensonification, as the effects of the tail create perturbations around that aspect. Rather than using the model for exact mappings from s bs to Du, and then performing spectral analysis on Du, the model is used to define intervals in u 0 where the periodogram of s bs is directly related to F. To be directly related, s bs must increase or decrease monotonically in the interval [u 0 2 A; u 0 þ A]. If the slope is negative (i.e. s bs decreases with increasing u), the phase of s bs is shifted 1808 relative to Du (Figure 2c) . As an approximation, the phase is shifted 1808 when u 0 . p=2: This has implications for comparing the phase between adjacent tracks. If the relationship is not increasing or decreasing monotonically, multiple peaks may occur within a period, and any detected period in s bs might be harmonics of F (Figure 2d ).
Analysis
On the assumption that F is directly related to the periodicity of s bs (t p ), the periodogram was used to estimate F directly. MathWorks Inc.). Let J j be the FFT of u p . x p , where
s bs p ; s bs , is the backscatter along the track, the overbar denotes the mean along the track, and u p is the weight used to taper the series. The taper weights were calculated using a cosine bell on 50% of the data [Bloomfield, 1976, Equation (9) ], primarily to reduce leakage between frequencies. The series were zero-padded when it had ,128 points and truncated when it had .128 points. A fixed length was used to estimate the same Fourier frequencies for each track, thus permitting intertrack comparisons. After computing the FFT, periodograms were estimated as I j ¼ J j J j *, where the asterisk indicates the complex conjugate.
Ensemble average
Estimating F for a single track requires high-quality data; therefore, manually scrutinizing the data is necessary. This is tedious and time-consuming. Assuming similar behaviour between individuals, the ensemble average was calculated between individuals as
where I j, m is the periodogram for track m and Fourier frequency j and N the number of tracks. This is possible because similar Fourier frequencies have been used for all tracks. Both low-and high-quality tracks were included to get an indication of the sensitivity to low-quality tracks for I j . If it proved not sensitive, the requirement for manual scrutiny was relaxed.
Cross periodogram of nearest neighbour
An interesting aspect of estimating F is its relation to the (assumed) nearest neighbour. An algorithm that detects the nearest targets based on the x-positions was used and a welldefined high-quality pair was visually chosen as an example. The amplitude of the cross periodogram for the jth Fourier frequency, between tracks m and n, was calculated as in Bloomfield (1976, p. 211) :
If the series from track m were on the form
then the FFT would be
and similarly for track n. The cross periodogram would then be
with relative phase f m 2 f n . When the series contains a strong periodicity, the relative phase at that frequency gives the phase difference between the two series. When the mean incident angle u 0 has a negative slope (Figure 2c ), the phase difference is shifted 1808. For the low values in jI m, n, j j, the relative phase has no meaning.
Results
The echogram with appropriately set colour scale (Figure 1a ) reveals periodicity in some of the tracks. Details of the two adjacent tracks in Figure 1b display the periodicity more clearly. The peaks and troughs can be counted by eye, and F can be roughly estimated. However, some tracks exhibit variable F, not all tracks exhibit strong periodicity, and some do not exhibit any sign of periodicity. The track in Figure 1d starts with a periodicity and transitions to a smooth track towards the end, probably associated with swim-glide behaviour. A result of the automated tracking algorithm used to associate pixels to tracks is given in Figure 1c . Track B bleeds into track A because of erroneous associations arising from the tracking algorithm. This indicates that the results from automated tracking algorithms must be inspected critically. This error was retained in the next analysis to get an idea of the robustness of the whole procedure.
The overlapping part of p s bs along tracks A and B (Figure 1b) is illustrated in Figure 3a . Again, the periodicity is clear, although the signal is somewhat garbled at the beginning of the track, probably caused by erroneous association in the tracking algorithm. In Figure 3b , both periodograms display distinct peaks at, respectively, 1.24 and 1.32 Hz for tracks A and B, indicating that F is similar between the tracks. The relative phases from the three strongest cross-periodogram peaks are illustrated in Figure 3c , revealing a relative phase difference of 908. The mean incident angle u 0 for track A is 1598 and for track B it is 1618. Consequently, the phases are shifted 1808 for both tracks. The estimated track positions x are illustrated in Figure 3d .
Manually tracking data is tedious and less consistent than automated tracking, but the quality might be better. The ensembleaverage periodogram I j of all detected tracks is presented in Figure 4a . A distinct peak at 1.4 Hz is evident. Note also the high energy in the low frequencies. Finally, the estimated speed as a function of F is presented for the two example tracks, as well as for the whole dataset (Figure 4b ).
Discussion

Estimating tail-beat frequency
These results agree with those from previous studies relating swimming speed and F (Videler, 1993, Figure 6.1; Steinhausen et al., 2005, Figure 2 ) and are also consistent with the results presented in Ross et al. (1981, i .e. F rarely exceeded 2.5 bps). The ensembleaverage periodogram estimates the mean F, even without constraining the analysis to high-quality tracks, indicating that the method is robust.
The relationship between u and swimming is more complex than our simple model indicates, so is the true backscatter from a swimming fish. This complexity is more pronounced for higher acoustic frequencies (e.g. Burwen et al., 2007) and increasing the frequency will probably lead to fewer detections over larger ranges of u (e.g. Figure 2d ). Accurately quantifying these ranges requires a sophisticated model, but instead we accept their existence and in that accept that higher harmonics and other distortions in the estimates of F may occur. The strength of the higher harmonics may indicate the importance of this effect. A detailed inspection of Figure 4a demonstrates this energy at 2.5 Hz. This may be contributed by harmonics, but it could also be caused by other factors like artefacts from the tapering and padding.
Estimating tail-beat frequency Nevertheless, this effect was not pronounced in our analysis, but should be kept in mind when using this method for other acoustic frequencies, fish lengths, or species.
As evident in Figure 4a , the ensemble average contains a strong low-frequency component. This component may be caused by slow changes in swimming direction, causing a low-frequency component in the s bs . When we removed a fitted second-order polynomial instead of the mean from x p , this component was reduced for the ensemble average (Figure 4a , grey curve). This indicates that slow changes in s bs , caused by changes in swimming direction, for example, may cause low-frequency components to appear in the periodogram. However, this is not seen in the highquality tracks in Figure 3 and that may be an indication that it is an artefact of the tracking algorithm caused by the low-quality tracks, rather than changes in swimming behaviour.
Other sources of error could be related to the instrument setup, e.g. strumming of the cable causing the orientation of the beam to shift. The expected strum frequency can be similar to the detected F. However, smooth tracks, tracks with a periodicity, and tracks with different phases are in proximity, within the same pings, indicating that the periodicity is not likely to be caused by the instrument.
Estimating position and velocity with a split-beam echosounder is a well-established method, but there are some pitfalls. For automatic tracking, the process of associating targets with tracks may be flawed (Figure 1c) . Such errors may cause jumps in the positions and result in swimming velocities being grossly overestimated. In addition, a low signal-to-noise ratio can potentially cause bias in the split-beam angles (Demer et al., 1999; Kieser et al., 2000) , which in turn leads to bias in the position and velocity estimates. For the tail-beat estimation method, the consequence is less severe because we do not rely on the split-beam angles. The erroneous association leads to more difficult estimation of the periodogram, but not to large biases as, for example, in the estimated velocities. This seems reasonable when comparing the estimate of F from the ensemble average with that obtained with the highquality tracks (Figures 3b and 4a) . In this context, it should be noted that these tracks had erroneous associations. Potential of the method to estimate tail-beat frequency F can be related to the swimming velocity, which is associated with an energetic cost (Webb, 1975) . Models exist where this energetic cost is set in an evolutionary perspective (Strand and Huse, 2007) , and our method can provide valuable data to those kinds of models, simply by calculating the robust ensemble average at different depths.
The deposition of fat by fish varies with season and age. This causes changes in the required thrust with fish condition because of its effect on both buoyancy and balance (OB, pers. obs.). If a fish adjusts its pectoral fins to maximize lift, the increase in drag causes a reduced stride length (Videler, 1993, p. 120 ). The stride length can then be estimated from simultaneous observations of swimming speed and tail-beat frequency. It is then possible that changes in stride length over a season can provide an indicator of fish condition and that this might be observed in situ using a probing echosounder. This also has implications for tilt-angle distributions, an important parameter relating modelled and observed TS (Simmonds and MacLennan, 2005) .
When swimming velocity, position, and F can be reliably estimated for each track, the inter-individual behaviour can be analysed. This may aid the parameterization of traditional schooling models (Parr, 1927; Aoki, 1982; Reynolds, 1987) . The possibility of observing the relative phase in F among individuals within a school is new. Because the relative position to the assumed nearest neighbour is estimated, the relative phase in a field around the fish can be mapped. We can therefore gain insight into how the swimming phase around the fish may be adjusted to take advantage of vortexes in the school. Our method has the potential to do these observations in situ.
Observing F is a standard procedure in ex situ experiments, but is more difficult to do in situ. We have demonstrated that a reasonably simple approach can provide reliable estimates of F in situ using a probing echosounder.
